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METHOD AND SYSTEM OF IMAGE 
SEGMENTATION USING REGRESSION 

CLUSTERING 

BACKGROUND 

Background Information 
Image segmentation refers to a process of partitioning an 

image into independent portions. In some cases, the segmen 
tation process may comprise grouping pixels corresponding 
to particular objects or regions of the image such that the 
content of the image may be analyzed in more detail and/or 
objects of the image can be identi?ed. The amount of pro 
cessing needed to segment an image may be related to the 
number of pixels included in the image. In particular, seg 
menting high-resolution images may require a large amount 
of processing due to the amount of pixels needed to generate 
the image. In cases in Which an image comprises color, the 
amount of processing needed to segment the image may be 
additionally or alternatively related to the complexity of the 
multi-dimensional color space used to characteriZe the pixels 
of the image. It Would, therefore, be advantageous to develop 
systems and methods for segmenting images Which are 
capable of processing a large amount of data. It may be 
particularly bene?cial to apply such systems and methods to 
images of high-resolution and/or images comprising color. 

SUMMARY 

The problems outlined above may be in large part 
addressed by a processor-based method and systems Which 
are con?gured to regressively cluster pixels of an image and 
segment the image based upon the step of regressively clus 
tering. 

BRIEF DESCRIPTION OF THE DRAWINGS 

For a detailed description of the exemplary embodiments 
of the invention, reference Will noW be made to the accom 
panying draWings in Which: 

FIG. 1 illustrates a schematic diagram of a system for 
segmenting an image in accordance With embodiments of the 
invention; 

FIG. 2 illustrates a How chart of a method for segmenting 
pixels of an image in accordance With embodiments of the 
invention; 

FIG. 3 illustrates a How chart of an exemplary method for 
regressively clustering pixels of an image in accordance With 
embodiments of the invention; 

FIG. 4a illustrates an illustration of an image having ?oW 
ers in the forefront of a sky in accordance With embodiments 
of the invention; 

FIG. 4b illustrates a segmentation of the image in FIG. 411 
comprising the ?oWers in accordance With embodiments of 
the invention; 

FIG. 40 illustrates a segmentation of the image in FIG. 411 
comprising the sky in accordance With embodiments of the 
invention; 

FIG. 5a illustrates an illustration of another image having 
box in the forefront of a background in accordance With 
embodiments of the invention; 

FIG. 5b illustrates a segmentation of the image in FIG. 511 
comprising the front surface of the box in accordance With 
embodiments of the invention; 

FIG. 50 illustrates a segmentation of the image in FIG. 511 
comprising the top surface of the box in accordance With 
embodiments of the invention; 
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2 
FIG. 5d illustrates a segmentation of the image in FIG. 511 

comprising the side surface of the box in accordance With 
embodiments of the invention; and 

FIG. 5e illustrates a segmentation of the image in FIG. 511 
comprising the background in accordance With embodiments 
of the invention. 

While the invention is susceptible to various modi?cations 
and alternative forms, speci?c embodiments thereof are 
shoWn by Way of example in the draWings and Will herein be 
described in detail. It should be understood, hoWever, that the 
draWings and detailed description thereto are not intended to 
limit the invention to the particular form disclosed, but on the 
contrary, the intention is to cover all modi?cations, equiva 
lents and alternatives falling Within the spirit and scope of the 
present invention as de?ned by the appended claims. 

NOTATION AND NOMENCLATURE 

Certain terms are used throughout the folloWing descrip 
tion and claims to refer to particular system components. As 
one skilled in the art Will appreciate, various companies may 
refer to a component by different names. This document does 
not intend to distinguish betWeen components that differ in 
name but not function. In the folloWing discussion and in the 
claims, the terms “including” and “comprising” are used in an 
open-ended fashion, and thus should be interpreted to mean 
“comprising, but not limited to . . . .” Also, the term “couple” 
or “couples” is intended to mean either an indirect or direct 
electrical connection. Thus, if a ?rst device couples to a 
second device, that connection may be through a direct elec 
trical connection, or through an indirect electrical connection 
via other devices and connections. In addition, the term, “data 
mining,” as used herein, may refer to the process of identify 
ing and interpreting patterns in databases. 

DETAILED DESCRIPTION 

The folloWing discussion is directed to various embodi 
ments of the invention. Although one or more of these 
embodiments may be preferred, the embodiments disclosed 
should not be interpreted, or otherWise used, as limiting the 
scope of the disclosure, unless otherWise speci?ed. In addi 
tion, one skilled in the art Will understand that the folloWing 
description has broad application, and the discussion of any 
embodiment is meant only to be exemplary of that embodi 
ment, and not intended to intimate that the scope of the 
disclosure, is limited to that embodiment. 

Turning noW to the draWings, exemplary embodiments of 
systems and methods are provided for segmenting an image. 
More speci?cally, methods and systems are provided Which 
are con?gured to iteratively apply a regression algorithm and 
a clustering performance function on pixels of an image such 
that the regions and/or objects of the image may be seg 
mented. Such an iterative process may be referred to herein as 
“regressively clustering” (RC). For example, system 10, 
shoWn in FIG. 1, may be con?gured to regressively cluster 
pixels of image 14 as described in more detail beloW. In 
addition, FIGS. 2 and 3 depict ?oWcharts of exemplary meth 
ods for regressively clustering pixels of an image. FIGS. 
411-40 and FIGS. Sa-Se illustrate exemplary images resulting 
from the regression clustering processes described in refer 
ence to FIGS. 1-3 beloW. In particular, FIGS. 419-40 and FIGS. 
Sb-Se illustrate exemplary image segments regressively clus 
tered from the images depicted in FIGS. 4a and 5a, respec 
tively. 
As noted above and described in more detail beloW, the 

methods provided herein may comprise the application of one 
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or more algorithms and, therefore, may be best implemented 
through a computer or, more generally, a system Which com 
prises a microprocessor controller. Consequently, system 10 
may be a system Which comprises a microprocessor control 
ler. In addition, the methods described herein may, in some 
embodiments, be referred to as a “computer-implemented 
methods” or “processor-based methods”. In other cases, hoW 
ever, the methods described herein may be referred to as 
“methods”. The use of the terms is not mutually exclusive 
and, therefore, may be used interchangeably herein. 

FIG. 1 depicts system 10 comprising image 14 Within 
memory 11. In some cases, hoWever, system 10 may not 
comprise an image. As described in more detail beloW, system 
10 may comprise a means to segment an image. System 10, 
hoWever, does not necessarily need to comprise an image at 
all times in order to characteriZe the system to have such an 
adaptation. In other Words, the system provided herein may 
be described to have an adaptation to segment images stored 
therein, but does not necessarily need to alWays store images. 
For example, in embodiments in Which system 10 is a digital 
camera, the camera may be described to have an adaptation to 
segment images taken by the camera, but the camera does not 
necessarily need to have images stored therein at all times. 

System 10 may be con?gured to receive and/or generate 
images. In particular, system 10 may, in some embodiments, 
be con?gured to simulate a pictorial representation of an 
object or a scene surveyed by system 10. More speci?cally, 
system 10 may be con?gured to gather information pertaining 
to an object and/ or scene through an input port and generate 
and store an image representative of such an object and/or 
scene Within memory 11. Exemplary systems comprising 
such an adaptation may comprise, but are not limited to, 
optical imaging devices, such as static-image and/or video 
cameras, ultrasonic imaging devices, x-ray imaging devices, 
magnetic resonance imaging devices and/ or ultrasonic imag 
ing devices. In addition or alternatively, system 10 may be 
con?gured to receive an image generated from another 
device. For example, system 10 may comprise a television or 
a computer system. Other devices may be appropriate for 
receiving images as Well or alternatively, depending on the 
application of the image. 

In some embodiments, the input port used to receive input 
18 (i.e., the input used to execute program instructions 13 as 
described in more detail beloW) may further be used to receive 
images generated from another device and/ or receive infor 
mation pertaining to an object or scene to be generated into an 
image. In yet other embodiments, system 10 may comprise a 
different input port for the receipt of images and/or such 
information. In any case, memory 11 may be con?gured to 
store any number of images. Consequently, system 10 may, in 
some embodiments, be con?gured to select one or more 
images from memory 11 for processing. The adaptations of 
system 10 to generate, receive and/or select images may be 
incorporated into program instructions stored Within storage 
medium 12. In some embodiments, the program instructions 
used to generate, receive and/or select images may be 
included Within program instructions 13 of storage medium 
12. In other cases, the program instructions used to generate, 
receive and/or select images may be distinct from program 
instructions 13. 
As noted above, system 10 may be con?gured to regres 

sively cluster image 14. In particular, system 10 may com 
prise storage medium 12 With program instructions 13 
executable by processor 16 to regressively cluster image 14. 
Storage medium 12 may comprise any device for storing 
program instructions, such as a read-only memory, a random 
access memory, a magnetic or optical disk, or a magnetic 
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4 
tape. Program instructions 13 may comprise any instructions 
that perform the regression clustering and image segmenta 
tion processes described beloW in reference to FIGS. 2 and 3. 
In particular, program instructions 13 may comprise instruc 
tions for regressing a set of functions correlating pixels of an 
image With respect to a primary color of a color model char 
acteriZing the image. In addition, program instructions 13 
may comprise instructions for segmenting the image based on 
the regressed functions. A more detailed description of pro 
gram instructions 13 are provided beloW in reference to the 
process outlined in FIG. 2. System 10 may be con?gured to 
receive input 18 such that program instructions 13 may be 
executed Within storage medium 12. In addition, system 10 
may be con?gured generate and transmit output 19. In some 
cases, output 19 may be transmitted to components Within 
system 10. In other embodiments, hoWever, output 19 may be 
transmitted to devices separate from system 10. 

In some embodiments, it may be advantageous to display 
portions of image 14 segmented using the regression cluster 
ing process described herein. Consequently, system 10 may 
comprise display 15 in some embodiments. In other embodi 
ments, system 10 may be con?gured to transmit the images of 
the segmented portions to a display of a device Which is 
separate from system 10. In yet other cases, system 10 may 
not be used to display segmented portions of an image. Con 
sequently, the inclusion of display 15 is not necessarily spe 
ci?c to the con?guration of system 10 to segment an image. In 
particular, system 10 does not necessarily need to be able to 
display an image in order to segment an image. As such, 
display 15 may be omitted from system 10 in some embodi 
ments. 

The regression clustering process described herein may be 
With respect to primary colors of a color model characterizing 
the image. A color model, as used herein, may refer to gamut 
of colors Which originate from a set of primary colors. In 
some embodiments, the color model may be represented as a 
three-dimensional space bounded by the pure hues of the 
primary colors. In such a case, each point Within the space 
may represent a different color having a combination of one 
or more of the primary colors of the color model. Color 
models may vary by their designation of primary colors and 
shape of their space. The system and methods described 
herein may be con?gured to regressively cluster an image 
With respect to any color model knoWn in the imaging indus 
try. For example, the system and methods described herein 
may be con?gured to regressively cluster pixels of an image 
With respect to a red-green-blue (RGB) color model, a cyan 
magenta-yelloW (CMY) color model, a hue-saturation-value 
(HSV) color model or a hue-lightness-saturation (HLS) color 
model. Other color models may be used as Well or altema 
tively, depending on the design speci?cations of the system 
and/ or method. 

System 10, discussed in reference to FIG. 1, may be con 
?gured to regressively cluster pixels of an image With respect 
to any number of color models, depending on the design 
speci?cations of the system. For example, system 10 may, in 
some cases, be speci?cally con?gured to regressively cluster 
images With respect to one particular color model. In other 
embodiments, hoWever, system 10 may be con?gured to 
regressively cluster an image With respect to more than one 
color model. In particular, system 10 may, in some embodi 
ments, comprise different sets of program instructions Within 
storage medium 12 that are individually adapted to regres 
sively cluster pixels of an image With respect to a different 
color model. In addition, system 10 may be con?gured to 
selectively activate one of those sets of program instructions 
such that an image may be regressively clustered With respect 
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to a particular color model. In some embodiments, such a 
selectivity adaptation may be in response to user input of 
selecting the color model. In other cases, the selectivity adap 
tation may be in response to analyzing the image to determine 
the color model used to characterize the image. In some 
embodiments, system 10 may be con?gured to conduct such 
an analysis, as described in more detail beloW in reference to 
mapping an image. 
As noted above, FIG. 2 depicts a ?owchart of an exemplary 

method for segmenting an image. As shoWn in FIG. 2, the 
method may comprise block 20 in Which pixels of an image 
are mapped into a color model. Mapping an image into a color 
model may be referred to herein as the process of assigning 
color values to pixels of an image that correlate the pixels’ 
hues relative to the points Within the three-dimensional space 
of the color model. For example, mapping a static image from 
a tWo-dimensional space into a three-dimensional color space 
may be represented as: 

image: [a,b]><[c,d]—>[0,255]><[0,255]><[0,255] (1) 

Video images may also be segmented using the regression 
clustering process described herein and, therefore, may be 
mapped into three-dimensional color spaces as Well. A video 
may be referred to as a sequence of images ordered in time. 
Consequently, mapping a video into a color space may com 
prise mapping a three-dimensional image (i.e., tWo dimen 
sions for the images plus one-dimension for time, T) into a 
three-dimensional color space as outlined in equation (2): 

In either case, the [a, b] and [c, d] values of the image may 
represent the range of points along the horizontal and vertical 
dimensions of the image. Pixels in the image space may be 
referenced using such a range of points. In regard to the 
three-dimensional color space, a pixel may be characterized 
by three different color values, each With respect to a different 
primary color of the color model. The [0,255] values of the 
three-dimensional color space may represent the range of 
color values for each of the primary colors of the color space, 
particularly in reference to an 8-bit pixel image. In other 
Words, for each primary color of a color model, one color 
value from 256 possibilities may be assigned to characterize 
a pixel of the image With respect to each of the primary colors. 
Although, the range of 256 possibilities for color values of the 
color model pertains to an 8-bit pixel image, larger or smaller 
images may be mapped and segmented using the system and 
methods described herein. In particular, 4-bit, 16-bit and 
32-bit images may be mapped and segmented using the 
regression clustering techniques described herein. Conse 
quently, a larger or smaller number of color value possibilities 
may be used to characterize pixels of an image, depending on 
the bit size of the image. 

In some embodiments, the process of mapping an image to 
a color model may be incorporated into the generation of the 
image. For example, in embodiments in Which system 10 is 
con?gured to generate an image, block 20 may be incorpo 
rated into such an adaptation. Alternatively, an image may be 
mapped to a color model Within system 10 subsequent to 
being created, regardless of Whether the image is generated 
by system 10. In some cases, block 20 may comprise initial 
izing the characterization of an image into a color model. 
Alternatively stated, block 20 may, in some embodiments, 
comprise mapping an image Which Was not previously char 
acterized by a color model. In other embodiments, block 20 
may comprise converting a color model characterizing an 
image into an alternative color model. In yet other cases, 

20 

25 

30 

35 

40 

45 

50 

55 

60 

65 

6 
block 20 may not be included Within the method. In particu 
lar, the method described herein may be used to segment an 
image Which is already characterized Within a color model. 
The omission of such a mapping step may be particularly 
applicable in cases in Which system 10 is used to receive an 
image instead of generating the image therein. In any case, 
system 10 may comprise adaptations to facilitate any and/or 
all of the different functions described in reference to block 
20. As such, system 10 may be con?gured to initialize the 
characterization of an image into a color model and/or covert 
a color model characterization of an image as Well as receive 
and/or generate an image characterized by a color model. 

In any case, the method may further include block 21 in 
Which a dataset table of pixel information may be created. The 
process of creating a dataset table may be different for static 
and video images. In particular, creating a dataset table for a 
static image may include extracting x and y coordinates for 
some or all of the pixels as Well as one or more attribute values 
associated With the color model characterizing the static 
image. Creating a dataset table for a video image, on the other 
hand, may include choosing one attribute associated With the 
color model characterizing the video image and extracting the 
x and y coordinates of pixels having a value for such a chosen 
attribute. Time may also be ?led Within the dataset table 
attributed With a video image such that an estimation of 
motion may be determined. In any case, the dataset table 
created in block 21 may be used to generate a set of functions 
representing the pixels as described in more detail beloW in 
reference to block 24. 
As shoWn in FIG. 2, the method may further comprise 

block 22 in Which a number of segments by Which to distin 
guish portions of an image are determined. In some embodi 
ments, the number by Which to distinguish portions of an 
image may be determined by user-input. In other cases, hoW 
ever, the image may be analyzed to determine such a number. 
In either case, block 22 may be conducted through program 
instructions 13 of system 10. As noted above, FIGS. 411-40 
and FIGS. Sa-Se illustrate exemplary images resulting from 
the regression clustering processes described herein. Such 
illustrations may be used to describe the determination of the 
number of segments by Which to distinguish portions of an 
image as outlined in block 22. 
As shoWn in FIG. 4a, image 50 comprises ?oWers 56 in the 

forefront of sky 58. FIGS. 4b and 4c illustrate segmented 
portions of image 50. More speci?cally, FIG. 4b illustrates 
segmented image 52 With ?oWers 56 and absent of sky 58 and 
FIG. 40 illustrates segmented image 54 With sky 58 and 
absent of ?oWers 56. In such embodiments, tWo segments 
have been selected to distinguish portions of image 50. A 
larger number of segments, hoWever, may be used to segment 
image 50 in some embodiments. In addition, image 50 may be 
segmented in manners other than those depicted in FIGS. 4b 
and 4c. Inparticular, a portion of ?oWers 50, such as the stems 
or petals, may be segmented from image 50 in some embodi 
ments. In addition or alternatively, a portion of sky 58, such as 
the clouds or cloudless portions of sky 58, may be segmented 
from the image. 

Moreover, not all portions of image 50 may need to be 
segmented. In particular, image 50 may be segmented into a 
set number of distinct portions Without comprising every 
feature of the image Within the segmented images. For 
example, portions of ?oWers 58 may be segmented from 
image 50 Without having sky 58 segmented therefrom. In 
addition, although FIGS. 4b and 40 display each of the seg 
mented images from images 50, each of the segmented 
images therefrom may not need to be displayed. In any case, 
segmenting objects or portions of objects Within image 50 
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may be referred to herein as object-segmentation. In some 
cases, image 50 may be segmented by regions as Well as by 
objects. In particular, image 50 may be segmented into a 
particular number of regions and pixels Within one or more of 
the regions may be regressively clustered to segment portions 
of the image Within such regions. In such embodiments, 
image 50 may be segmented into any number of regions. 
As described above, the segmentation of pixels Within 

images may be With respect to a color model characterizing 
the image. More speci?cally, pixels of an image may be 
clustered into different groups based on their color values. In 
some embodiments, the segmentation of color values may be 
With respect to a broad variation of colors Within the image. In 
particular, the segmentation of pixels Within an image or a 
region of an image may be With respect to the pixels’ color 
values varying by more than a predetermined amount such 
that the colors of the segmented pixels are recognized as 
distinct colors. For example, in reference to FIGS. 4a-4c, 
colors With the hues of yelloW and green may be segmented as 
?oWer 56 and hues of blue and White may be segmented as sky 
58. In other cases, hoWever, pixels may be more discrimi 
nately segmented such that different hues of the same color 
may be separated into different groups. In other Words, pixels 
having color values Which vary by less than the predeter 
mined amount used in the broad color variation segmentation 
technique may be segmented. In this manner, objects or por 
tions of objects Within an image Which are characterized by 
different shades of a similar color may be segmented. In any 
case, pixels of an image may, in some embodiments, be 
regressively clustered With respect to one or more of the 
primary colors of the color model characterizing the image as 
described in more detail beloW in reference to blocks 24-27 of 
FIG. 2. 
A different exemplary illustration of segmenting an image 

into distinguished portions in shoWn in FIGS. Sa-Se. In par 
ticular, FIG. 5a illustrates image 60 With box 70 in the fore 
front of background 78. As shoWn in FIG. 5a, box 70 may 
comprise sides 72, 74 and 76. In some embodiments, sides 72, 
74 and 76 may each comprise a distinct color and, therefore, 
may be segmented from each other using the broad color 
variation technique described above. In other cases, sides 72, 
74 and 76 may comprise substantially similar colors differ 
entiating from each other by small color value variations. In 
such embodiments, sides 72, 74 and 76 may comprise hues of 
the same main color and, sometimes, the same primary color 
of a color model characterizing image 60. In any case, sides 
72, 74 and 76 are illustrated in FIG. 511 as having different 
cross-hatch patterns to emphasize the distinction betWeen the 
different sides of box 70, regardless of Whether they are 
distinguished by distinct colors or different hues of the same 
color. Consequently, sides 72, 74 and 76 may not necessarily 
comprise such patterns in some embodiments. 

In some embodiments, it may be advantageous to segment 
the portions of box 70 relative to the color of sides 72, 74 and 
76. As shoWn in segmented image 62 of FIG. 5b, side 72 may, 
in some embodiments, be segmented from image 60. In addi 
tion or alternatively, side 74 may be segmented from image 60 
as shoWn in segmented image 64 in FIG. 50. FIG. 5d illus 
trates segmented image 66 With side 76 illustrated and all 
other portions of image 60 absent. FIG. 5e illustrates seg 
mented image 68 having background 78 segmented from 
image 60. As With image 50 in FIG. 4a, image 60 may be 
segmented in other manners than the segmented images illus 
trated in FIGS. Sb-Se. In particular, image 60 may be seg 
mented relative to different portions of box 70, such as the 
front or back half of the box, for example. In addition or 
alternatively, regions of image 60 may be segmented. More 
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8 
over, not all portions of image 60 may need to be segmented. 
In particular, image 60 may be segmented into a set number of 
distinct portions Without comprising every object of the 
image Within the segmented images. In addition, although 
FIGS. Sb-Se display each of the segmented images from 
images 60, each of the segmented images therefrom may not 
need to be displayed. 

Turning back to FIG. 2, the method for segmenting an 
image may comprise block 24 in Which a set of different 
functions is generated for each segment determined in block 
22. As noted above, pixels of an image may be regressively 
clustered With respect to one or more primary colors of the 
color model characterizing the image. In other Words, pixels 
of an image may be regressively clustered With respect to the 
color values associated With one of the primary colors used to 
characterize the pixels. For example, in embodiments in 
Which an RGB color model is used to characterize an image, 
a different set of functions may be generated With respect to 
one or more of the individual primary colors of red, green and 
blue. In embodiments in Which an CMY color model is used 
to characterize an image, a different set of functions may be 
generated With respect to one or more of the individual pri 
mary colors of cyan, magenta and yelloW. 

In any case, block 24 may comprise generating a set num 
ber of functions, K, from a family of functions, a, correlating 
pixels of an image having an attribute of similar value relative 
to at least one primary color of a color model characterizing 
the image. In some embodiments, the attribute may comprise 
the brightness, hue or saturation of the primary color Within 
the pixel. In other embodiments, the attribute may comprise 
the degree at Which the primary color changes from pixel to 
pixel. In any case, K functions may be selected randomly or 
by any heuristics that are believed to give a good start. The 
determination of the optimum K may comprise techniques 
used in the data mining industry for clustering. 
The partition of pixels Within an image can be “hard” or 

“soft.” A “hard” partition may refer to the designation of 
every pixel Within an image belonging to a particular group or 
cluster of pixels. In this manner, the partitions of the pixels 
may be clear and distinct. Such a hard-partitioning of pixels is 
employed by the K-Means regression clustering method as 
described in more detail beloW. A “soft” partition, hoWever, 
may refer to the ambiguous groupings of pixels Within clus 
ters of an image. In some cases, such a categorization of pixels 
may depend on the probability of the pixels belonging to 
particular clusters Within the image rather than other clusters. 
In this manner, although the clustering of pixels Within an 
image using “soft-partitioning” techniques are generally 
ambiguous, portions of the image may be segmented by deter 
mining the probability of pixels belonging to a particular 
groups of pixels. Soft-partitioning of pixels may be employed 
by the K-Harmonic Means and Expectation Maximization 
regression clustering methods as described in more detail 
beloW. 
As shoWn in FIG. 2, the method of segmenting an image 

may further comprise block 25 in Which the sets of functions 
generated in block 24 are regressed. In addition, the method 
may comprise block 26 in Which pixels of the image are 
clustered into different groups based upon the regressed sets 
of functions. Such a clustering process may serve to segment 
pixels of the image such that the segments may be analyzed 
and identi?ed. A more detailed description of such regression 
and clustering processes are provided beloW. As shoWn in 
FIG. 2, the method may continue to block 27 in Which a 
determination is made as to Whether a predetermined thresh 
old of ?tting the pixels into the regressed functions has been 
met. In embodiments in Which the predetermined threshold 
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has not been met, the method may return to block 25 to repeat 
the regressing and clustering processes. In this manner, the 
method offers an iterative process of regressively clustering 
the pixels of the image. 

In embodiments in Which the predetermined threshold has 
been met, the method may continue to block 28 as shoWn in 
FIG. 2. Block 28 speci?es the partitioning of the pixels into 
distinct subsets. Such a process is used to link the results of 
the regression clustering process described in reference to 
blocks 24-27 back to the image such that portions of the 
image may be segmented. Such a partitioning process may 
differ for static and video images. In particular, pixels asso 
ciated With a static image may be assigned to functions to 
Which they most closely ?t such that the pixels are partitioned 
in distinct segments. The partitioning process for video 
images may include designating each of the functions 
regressed in block 25 to represent a particular motion path in 
the sequence of video images. In particular, block 28 may 
include partitioning the pixels to folloW: 

As shoWn in FIG. 2, the method may continue to block 29 
in some embodiments. In particular, at least one of the groups 
of pixels may be displayed independent of another of the 
groups of pixels in some cases. In this manner, one or more 
segmented images may be analyZed independent of other 
objects Within the image. In some embodiments, each of the 
groups of pixels may be displayed independent of the other 
groups of pixels as shoWn in the series of images illustrated in 
FIGS. 419-40 and FIGS. 5a-5e. In other embodiments, a plu 
rality of the groups of pixels may be displayed together. In yet 
other embodiments, the method may not comprise displaying 
the segmented images and, consequently, block 29 may be 
omitted. In any case, the method may, in some embodiments, 
further comprise processing the image subsequent to block 
27. In particular, the method may comprise interpolating, 
compressing or further segmenting the image. 
Any regression clustering technique may be used to con 

duct the processes of blocks 25 and 26. Such regression 
clustering techniques may comprise applying K functions, M 
(Where M:{fl, . . . , fK} C6D), to the image, ?nding its oWn 
partition of pixels, Zk, and regressing on the partition. The K 
regression functions are not necessarily linear. Both parts of 
the process, i.e., the K regressions and the partitioning of the 
pixels of the image, optimiZe a common objective function. 
Methods Which are speci?cally con?gured to employ an 
Expectation MaximiZation (EM) objective function, a 
K-Means (KM) objective function and a K-Harmonic Means 
(KHM) objective function to regressively cluster an image are 
provide herein. Other objective functions may be used as Well 
or alternatively to regressively cluster pixels of an image. 
Consequently, although an exemplary method for performing 
regression clustering using a K-Harmonic Means objective 
function is illustrated in the ?owchart of FIG. 3 and discussed 
in more detail beloW, the system and methods described 
herein are not restricted to using such a method for regres 
sively clustering images. 
The method of regression clustering using a K-Means 

objective function (referred to herein as RC-KM) solves the 
folloWing optimiZation problem: 
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10 
Where Z represents a set of pixels With color values x and y 
(i.e., Z:(X,Y):{(xi,yi)|i:l, . . ,N}) and ZIUIFIKZk 
(Zk?ZkFQkzk'). The optimal partition Will satisfy: 

Zk:{(x,y)EZl@(?.°P’(x),y)§@(?.'°”’(x),y)'\1k’==k}, (5) 

Which alloWs the replacement of the function in optimization 
problem (2) to result in: 

N (6) 

PMRCMZ. mil) = Z MINWMM), ymk = 1. . K}. 
[:1 

In other Words, RC-KM determines an optimal clustering of 
pixels by regressing functional relationships of the pixels to 
have a minimum amount of total variation or error (e). 

The process of RC-KM may be executed through a mono 
tone-convergent algorithm to ?nd a local optimum of equa 
tion (4). One example of an RC-KM algorithm may comprise 
a ?rst set of instructions for picking a set number of functions, 
K, to correlate pixels Within the image as described above. In 
addition to selecting K number of functions, the RC-KM 
algorithm may comprise a second set of instructions for rep 
artitioning the pixels in the r-th iteration, r:l, 2, . . . , as: 

Zk(r):{(x,y)EZl@(/i("1)(x),y)§@(?.'("1)(x),y)\1k%k{- (7) 

Such a repartitioning process facilitates a “hard” partition, as 
de?ned above. Each pixel Within the image may be associated 
With the regression function that results in the smallest 
approximation error. Using the RC-KM algorithm, distances 
betWeen values correlated With each of the pixels and values 
correlated With the regression functions may be determined 
and the errors of ?tting the pixels to the functions are com 
pared. Algorithmically, for r>l, a pixel in Zk("l) is moved to 
Zk(r) if and only if: 

Z k(’) inherits all the pixels in Z kv'l) that are not moved. In the 
event of a tie betWeen the error functions, the pixels may be 
randomly grouped in either subset. 

In addition to program instructions for function selection 
and clustering, the RC-KM algorithm may comprise a third 
set of program instructions for running a regression optimi 
Zation algorithm. In particular, the third set of instructions 
may comprise an algorithm by Which to alter the selected 
functions to more closely represent the pixels Within the 
respective partitions. In some cases, variable selections for 
the Kregressions can be done on eachpartition independently 
With the understanding that an increase in the value of the 
objective function could be caused by such a process. In any 
case, the third set of program instructions may comprise any 
regression optimiZation algorithm that results in the folloW 
ing: 

r i 3 k"=arg mm 2 Emmy» ( ) 
fed) (XpyHEZk 

Where kIl, . . . ,K. In some embodiments, regulariZation 

techniques may be employed to prevent over-?tting of the 
converged results from the regression algorithm. In addition 
or alternatively, boosting techniques may be used on each 
partition independently to improve the quality of the con 
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verged results within each partition. In any case, the regres 
sion algorithm may be selected by the nature of the original 
problem or other criteria. The fact that it is included in a 
regression clustering process adds no additional constraint on 
its selection. 

In order to cluster the data into the optimum partitions, the 
second and third set of instructions of the RC-KM algorithm 
may be conducted repeatedly. Optimally, such a reiterative 
process continues until there are no more pixels changing 
their membership within the partitions. Such a determination 
of membership change may serve as a predetermined thresh 
old of ?tting the pixels to the functions as described in refer 
ence to block 27. If any pixel does change its partition mem 
bership as a result of the second and third sets of instructions, 
the value of the objective function in equation (4) decreases. 
Consequently, the value of the objective function in equation 
(4) continues to decrease with each membership change. As a 
result, the RC-KM algorithm stops in ?nite number of itera 
tions. 

As noted above, some clustering techniques, such as 
K-Means clustering methods, may be sensitive to the initial 
iZation of partition centers. Similarly, RC-KM may be sensi 
tive to the initialiZation of its K functions. More speci?cally, 
the convergence of pixels into clusters using RC-KM may 
depend on how closely the initial set of K functions represent 
the pixels, since the pixels are partitioned into distinct subsets 
(i.e., hard partitioned) with respect to the selected functions 
during each iteration of the algorithm. The initialiZation of the 
K functions may be dependent on the amount of and quality of 
available prior information. In many instances, however, 
there is minimal or no prior information available regarding 
the functional relationship between pixels. In some cases, 
more than one functional relationship may be found to rep 
resent a partition of pixels. As a result, convergence to a 
distinct set of partitions may be dif?cult using RC-KM tech 
niques. In other cases, however, the initialiZation of the K 
functions using RC-KM may be good and, as a result, pixels 
may be clustered into an optimum set of partitions using an 
RC-KM algorithm. 

In contrast to K-Means clustering techniques, K-Harmonic 
Means (KHM) clustering algorithms are generally less sen 
sitive to the initialiZation of the K functions due to KHM’s 
methods of dynamically weighting pixels and its “soft” par 
titioning scheme. Similar to KHM clustering, the K-Har 
monic Means regression clustering process (RC-KHMP) 
described herein is generally less sensitive to the initialiZation 
of the K functions as discussed in more detail below. RC 
KHMP’s objective function is de?ned by replacing the MINO 
function in equation (6) by the harmonic average function, 
HA( ). In addition, the error function may be represented as 
e(fk(xl.),yl.):||fk(xi)—yi||p, where p22. As a result, the objective 
function of RC-KHMP may be: 

N (9) 

PerfmHMp (Z. M) = Z lg/gknm (xi) - W} 
[:1 T T 

K 

1 

Different values of parameter p may represent different dis 
tance functions. 
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12 
An exemplary method of K-Harmonic Means regression 

clustering is depicted in the ?owchart of FIG. 3. Such a 
method is described herein in reference to an exemplary 

algorithm for RC-KHMP. As with RC-KM, RC-KHMP may 
be employed through an algorithm which comprises a ?rst set 
of instructions for selecting a set number of K functions 
randomly or by any heuristics. Such a process is noted as 
block 30 in FIG. 3. As noted above, the selected functions 
may correlate pixels of an image. In contrast to the hard 

partitioning used in RC-HM, RC-KHMP uses a soft partition 
ing scheme. Consequently, pixels may not be distinctly asso 
ciated with a single function when using an RC-KHMP algo 
rithm. Rather, the RC-KHMP process may comprise 
determining the distances between values correlated with the 
pixels and values correlated with the functions and computing 
probability and weighting factors associated with such dis 
tances for each of the pixels as noted inblocks 32 and 36 in the 
?owchart of FIG. 2, respectively. In turn, the RC-KHMP 
algorithm may comprise a second set of instructions to deter 
mine approximate associations of the pixels to the K func 
tions based upon the probability and weighting factors. The 
calculation of the harmonic averages noted in block 34 may 
be used in the objective function of RC-KHMP as noted in 
equation (9) above and explained in more detail below. 
The probability of the i-th data point belonging to a par 

ticular k function may be computed as: 

wherein : 

The parameter q may be used to put the regression’s error 
function as noted in equation (13) below in Lq-space. In 
addition, the parameter q may be used to reduce the associa 
tion of pixels to more than one of the selected K functions. In 
any case, the weighting factor for each pixel may be com 
puted using (i.e., each pixel’s participation may be weighted 
by): 

(12) 

In this manner, not all pixels fully participate in all iterations 
in RC-KHMP like in RC-KM. 
As shown in equation (1 2), the value of weighting function 

ZIP(Zi) for a particular pixel may be closely related to the 
distance between the color value of the pixel and the function. 
In particular, the value of weight function ZIP(Zi) is smaller 
when the color value of the pixel is closer to the function than 
if the color value pixel is farther away from the function. 
Weighting function ZIP(Zi) changes in each iteration as the 
regression functions are updated and, thus, is dynamic. As 
described above in reference to RC-KM and will be described 
below in reference to RC-EM, the participation of each pixel 
is not weighted. As such, ZIP(Zi) is equal to l in RC-KM and 
RC-EM. 
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As shown in block 38 in the ?owchart of FIG. 3, the 

RC-KHMP process may comprise regressing K function 
using the probability and Weight factors computed in block 
36. In particular, the RC-KHMP process may run any regres 
sion optimization algorithm that results in: 

N (13) 

fl” = agrginZ ape-ma mum) - yin‘? 
E [:1 

where k:, . . . , K. For simpler notations, p(Zk| Z1) and ap(zl-) are 

not indexed in equation (11) by q or p. In addition, dik, 
p(Zk|zl-), and ap(zl-) in equations (10), (l l), (12) and (13) are 
not indexed by the iteration r to simplify notations. As in 
RC-KM, variable selections for the K regressions in RC 
KHMP can be done on each partition independently With the 
understanding that an increase in the value of the objective 
function could be caused by such a process. In addition, 
regularization techniques and/or boosting techniques may be 
employed to improve the quality of the converged results. In 
any case, the regression algorithm may be selected by the 
nature of the original problem or other criteria. The fact that it 
is included in a regression clustering process adds no addi 
tional constraint on its selection. 

Block 40 comprises the reiteration of blocks 34, 36 and 38 
for the regressed set of functions. More speci?cally, the RC 
KHMP process involves determining the distances betWeen 
values correlated With each of the pixels and values correlated 
With the regressed functions, calculating harmonic averages 
of such distances and computing probability and Weighting 
factors for the pixels based upon the determined distances. 
Continuing to block 42, the RC-KHMP process may comprise 
computing a change in harmonic averages for the K functions 
prior to and subsequent to the regressing process described in 
reference to block 38. Such a computation may be included 
Within the objective function for RC-KHMP as cited in equa 
tion (7) above. Block 44 may be used to determine if the 
change in harmonic averages is greater than a predetermined 
value. More speci?cally, since there is no discrete member 
ship change in RC-KHMP, the continuation or termination of 
the method may be determined by measuring the changes to 
the RC-KHMP objective function (i.e., equation (7)). In this 
manner, the process of block 44 may correspond to the pro 
cess described in reference to block 27 of FIG. 2 in Which a 
determination is made as to Whether a threshold of ?tting 
pixels to the functions has been met. 

As shoWn in FIG. 3, in embodiments in Which the change 
in harmonic average (i.e., the objective function) is greater 
than the predetermined value, the method may revert back to 
block 32 and determine distances betWeen values correlated 
to the pixels and the values correlated With the functions. The 
method may subsequently folloW the How blocks 34-44 and, 
thus, provides an iterative process until the change in har 
monic averages is reduced to a value beloW the predetermined 
level noted in block 44. As shoWn in FIG. 3, upon determining 
the change in harmonic averages (i.e., the objective function) 
is less than the predetermined value, the method may termi 
nate. In particular, When the change in the objective function 
is less than a predetermined value, the method may stop. 
Alternatively, the method may be terminated When value of 
the objective function is less than a predetermined value. 
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14 
Referring to an RC-EM process, the objective function is 

de?ned as: 

PEIfRCVEAAZ, M): (14) 

Pik 

Where d:dimension (Y). In the case in Which dIl, (fk(xl-)—yi) 
is a real number and Zk_1:l/ok2. An exemplary RC-EM algo 
rithm may comprise a ?rst set of instructions to select a set 
number of K functions, as described in reference to block 24 
of FIG. 2. In addition to function selection, the RC-EM algo 
rithm may comprise tWo steps by Which to regressively clus 
ter a dataset. In particular, the RC-EM algorithm may com 
prise an expectation step (E-Step) and a maximization step 
(M-Step). The E-Step may be used to determine hoW much of 
each pixel is related to each cluster of pixels. Such a step may 
be conducted by computing a probability factor in which: 

put” | z» = (15) 

PiH) 1 (H) 1 (H) T 
mEXP(- 5% (xi) - will m (xi) - y.) j 

k 

K Piril) 1 1 1 T 
2 m EXP(- 5 (ff Rx» - will (ff Rx» - y» ] 
[(11 k 

The M-Step may use such a probability factor to regress the 
selected functions of the dataset. In particular, the M-step 
may use the folloWing equations to regress the functions of a 
dataset: 

The E-Step and M-Step may be conducted in an iterative 
process. As With RC-KM, RC-EM may be sensitive to the 
initialization of functions and, consequently, may have di?i 
cultly in converging the pixels in an optimal set of subsets in 
some embodiments. In other cases, hoWever, the initialization 
of functions may be good and the pixels may be clustered into 
an optimum set of partitions using an RC-EM algorithm. 
The above discussion is meant to be illustrative of the 

principles and various embodiments of the present invention. 
Numerous variations and modi?cations Will become apparent 
to those skilled in the art once the above disclosure is fully 
appreciated. For example, the systems and methods described 
herein may be incorporated Within any type of system con 
?gured to generate and/or receive an image, such as static 
image and video cameras, televisions, computers, Web sites, 
ultrasonic imaging devices, x-ray imaging devices, magnetic 
resonance imaging devices and ultrasonic imaging devices. 
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In addition, the regression clustering technique of segmenting 
an image as described herein may be applied to both static and 
video images. It is intended that the following claims be 
interpreted to embrace all such variations and modi?cations. 
What is claimed is: 
1. A processor-based method, comprising: 
regressively clustering pixels of an image With respect to a 

color model characterizing the image by regressing 
functions that correlate pixels having an attribute of 
similar value With respect to a ?rst primary color of the 
color model and clustering pixels of the image into dis 
tinct groups based upon the regressed functions; and 

segmenting the image based upon said regressively clus 
tering such that retrievable segments are formed Within 
a memory coupled to a micro-processor conducting the 
processor-based method. 

2. The processor-based method of claim 1, Wherein said 
attribute comprises brightness. 

3. The processor-based method of claim 1, Wherein said 
attribute comprises a degree at Which the ?rst primary color 
changes from pixel to pixel. 

4. The processor-based method of claim 1, Wherein said 
regressively clustering further comprises regressing func 
tions Which each correlate pixels having an attribute of simi 
lar value With respect to a second primary color of the color 
model. 

5. The processor-based method of claim 4, Wherein said 
regressively clustering further comprises regressing func 
tions Which each correlate pixels having an attribute of simi 
lar value With respect to a third primary color of the color 
model. 

6. The processor-based method of claim 5, Wherein said 
clustering comprises clustering the pixels based upon the 
regressed functions of the ?rst, second and third primary 
colors. 

7. The processor-based method of claim 1, further com 
prising mapping the pixels of the image into a three-dimen 
sional color space prior to said regressively clustering the 
pixels. 

8. The processor-based method of claim 7, Wherein said 
mapping the pixels is With respect to time. 

9. The processor-based method of claim 1, further com 
prising displaying at least one of the image segments inde 
pendent of another of the image segments. 

10. A tangible computer readable storage medium having 
instructions for causing a computer to execute a method, 
comprising: 

determining a number of segments by Which to distinguish 
portions of an image; 

generating a set of functions, for each segment, that corre 
late pixels of the image having an attribute of similar 
value relative to a color model, Wherein each of the set of 
functions is based relative to a different primary color of 
the color model characterizing the image; 

regressing, for each segment, the set of functions; cluster 
ing pixels of the image into different groups based upon 
the regressed sets of functions; and 

repeating said regressing and said clustering sequentially. 
11. The tangible computer readable storage medium of 

claim 10 having instructions for causing the computer to 
execute the method that further comprises: 
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partitioning pixels into distinct subsets prior to said 

regressing; and 
re-partitioning the pixels into the distinct subsets subse 

quent to said regressing. 
12. The tangible computer readable storage medium of 

claim 11 having instructions for causing the computer to 
execute the method that further comprises, terminating said 
repeating When a partition of pixels Within the subsets does 
not change from said, partitioning to said re-partitioning. 

13. The tangible computer readable storage medium of 
claim 10 having instructions for causing the computer to 
execute the method that further comprises: 

determining probability factors of the pixels correlating to 
the functions, Wherein the program instructions for 
regressing comprises program instructions for regress 
ing the functions using the probability factors; and 

soft-partitioning the pixels into the different groups based 
upon the regressed functions. 

14. A system, comprising: 
an input port con?gured to receive an image; and 
a processor con?gured to: regress functions that correlate 

pixels of the image having an attribute of similar value 
relative to a color model, the functions being regressed 
With respect to different primary colors of the color 
model characterizing the image; 

cluster the pixels into distinct segments using the regressed 
functions; and 

reiterate said regress and cluster. 
15. The system of claim 14, Wherein the processor is fur 

ther con?gured to map the pixels into the color model. 
16. The system of claim 14, Wherein the input port is 

con?gured to receive a static image. 
17. The system of claim 14, Wherein the input port is 

con?gured to receive a video image. 
18. The system of claim 14 further comprising a display 

device con?gured to display the image and the distinct seg 
ments. 

19. A system, comprising: 
a ?rst means to receive an image; and 
a second means for regressively clustering pixels of the 

image With respect to a color model characterizing the 
image to produce distinct segmentations of the image by 
regressing functions that correlate pixels having an 
attribute of similar value With respect to a ?rst primary 
color of the color model and clustering pixels of the 
image into distinct groups based upon the regressed 
functions. 

20. The system of claim 19, further comprising a third 
means to characterize the pixels into a three-dimensional 
color space. 

21. The system of claim 19, Wherein the third means is 
con?gured to characterize the pixels into a red-green-blue 
color space. 

22. The system of claim 19, Wherein the third means is 
con?gured to characterize the pixels into a cyan-magenta 
yelloW color space. 

23. The system of claim 19, Wherein the third means is 
con?gured to characterize the pixels into the three-dimension 
color space With respect to time. 

* * * * * 
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